In this paper, we study the determinants of order aggressiveness and traders' order submission strategy in an open limit order book market. Using order book data from the Australian Stock Exchange, we model traders' aggressiveness in market trading, limit order trading as well as in order cancellations on both sides of the market using a six-dimensional autoregressive intensity model. The information revealed by the open order book plays an important role in explaining the degree of order aggressiveness in the individual processes. Moreover, evidence for significant dynamic interdependencies between the individual processes confirms the usefulness of the multivariate setting. Overall, our empirical results confirm theoretical findings on limit order book trading and show that a trader's decision of when and which order to submit is significantly influenced by the queued volume, the market depth, the inside spread, recent volatility, as well as recent changes in both the order flow and the price.
Introduction
Limit order book data provide the maximum amount of information about financial markets at the lowest aggregation level. A theme in the recent literature is to obtain a better understanding of a trader's fundamental problem to decide when to submit which type of order and on which side of the market.
In this paper, we model a trader's decision problem in a multivariate setting. The basic idea is to describe the processes of aggressive market orders, aggressive limit orders as well as aggressive cancellations on both sides of the market in terms of a six-dimensional point process which is modelled by an autoregressive intensity model. The multivariate stochastic intensity function, associated with the contemporaneous instantaneous arrival rate of an order in each dimension is a natural concept to simultaneously model the decision of when and which order to submit.
In the previous literature on order aggressiveness, the trader's decision problem is typically addressed by applying the order classification scheme proposed by Biais, Hillion, and Spatt (1995) . The major advantage of this approach is that it is easy to apply since all information on order aggressiveness is encapsulated into a (univariate) variable which permits modelling the degree of aggressiveness using a standard ordered probit model with explanatory variables that capture the state of the order book. 1 However, there are three major drawbacks of this model. First, it is not a dynamic model, so any dynamics within the dynamics as well as all interdependencies between the individual processes are ignored. Ignoring multivariate dynamics and spill-over effects can induce misspecifications and biases. Second, in a recent paper, Coppejans and Domowitz (2002) show that trades behave quite differently from orders and cancellations in relation to particular order book variables. This makes it questionable whether it is reasonable to treat these events as the ordered realizations of the same (single) variable. 2 Third, modelling order aggressiveness based on an ordered response model ignores the timing of orders. Thus, the trader's decision is modelled conditional on the fact that there is a submission of an order at a particular point in time. However, the question of when to place the order is ignored.
Our study avoids these difficulties and can be regarded as an extension of the existing approaches by Coppejans and Domowitz (2002) , Ranaldo (2004) , and Pascual and Veredas (2004) in several directions. First, using a multivariate autoregressive intensity model explicitly accounts for order book dynamics and interdependencies between the individual processes. Second, we allow for the possibility that market orders, limit orders and cancellations behave differently in their dependence of the state of the market as we model them as individual processes. Thus, instead of trying to capture order aggressiveness in terms of a single variable, we account for the multi-dimensionality of the decision problem. Third, the concept of the intensity function is a natural continuous-time measure for a trader's degree of aggressiveness. The multivariate intensity function provides the instantaneous order arrival probability in each instant and in each dimension. This naturally captures the question of where and when it is likely that an order is placed.
Since we are particularly interested in the determinants of a trader's order aggressiveness, we explicitly focus on the processes of aggressive buy and sell market orders 3 , aggressive ask and bid limit orders 4 , and aggressive ask and bid cancellations 5 . According to previous studies in this field, these are the most interesting and substantial orders.
In this sense, our approach can be seen as an extension of the study by Coppejans and Domowitz (2002) . They also focus on the arrival rate of trades, limit orders and cancellations, however not explicitly on aggressive orders but study all incoming orders. Moreover, they analyze the individual processes separately using a generalized version of Engle and Russell's (1998) (univariate) autoregressive conditional duration (ACD) model, so their framework does not allow for any multivariate interdependencies between the individual processes.
Using the described setting, we state the following research questions: (i) Can we confirm previous results regarding the determinants of order aggressiveness and traders' order submission strategies when the multivariate dynamics of limit order books are fully taken into account? (ii) How strong are the (dynamic) interdependencies between the individual processes and how important is it to take order book dynamics into account?
(iii) What is the explanatory power of order book variables on top of the multivariate dynamics? (iv) Are traders looking not only on the state of the book, but also at previous market activities inducing changes of the book during the past minutes?
Our empirical analysis is based on order book data from the five most liquid stocks traded on the Australian Stock Exchange (ASX) during the period July-August 2002. By replicating the electronic trading at the ASX, we reconstruct the complete order book at each instant of time. The order arrival intensities are modelled using a six-dimensional version of the autoregressive conditional intensity (ACI) model introduced by Russell (1999) , where we include variables capturing the current state of the order book as well as recent changes in the book.
Our empirical results mainly confirm previous theoretical results on traders' optimal order submission strategies as derived by Parlour (1998) and Foucault (1999) . However, 3 These are market orders whose posted volume exceeds the standing volume on the first level of the opposite queue and whose volume is equal or higher than the 75%-quantile of all order volumes.
4 These are limit orders whose posted price improves the current best ask or bid price, respectively and whose volume is equal or higher than the 75%-quantile of all order volumes.
5 These are cancellations of pending limit orders with a volume equal or higher than the 75%-quantile of all order volumes.
confirming Coppejans and Domowitz (2002) , we also observe that the arrival rates of market orders and limit orders can behave quite differently in their dependence of the state of the order book. Therefore, a limit order should not necessarily be considered simply as a less aggressive version of a market order as in the order classification scheme proposed by Biais, Hillion, and Spatt (1995) . This finding motivates modelling the individual processes in a multivariate setting. Moreover, we find clear evidence for multivariate dynamics and interdependencies between the individual processes. Finally, it is shown that the inclusion of order book variables clearly improves the goodness-of-fit of the model. We also demonstrate that a model which excludes dynamics, but does include order book variables clearly outperforms a dynamic specification without covariates. Hence, we find significant evidence for the notion that traders' order aggressiveness and order submission strategy is affected by the state of the limit order book.
The remainder of the paper is organized in the following way: In Section 2, we discuss economic propositions on the basis of recent theoretical research on limit order book trading. Section 3 presents the econometric approach. In Section 4, we describe the data based on ASX trading as well as descriptive statistics characterizing the individual limit order books. The empirical results are reported and discussed in Section 5, whereas Section 6 concludes.
Economic Propositions
The desire for a deeper understanding of market participants' order submission strategies in a limit order book market has inspired a wide range of theoretical and empirical research 6 . In a limit order book market, investors can choose between limit orders and market orders. In this context, traders face a dilemma. The advantage of a market order is that it is executed immediately. However, with a limit order, while traders have the possibility of improving their execution price, they face the risk of non-execution as well as the risk of being "picked off". The latter arises from the possibility that the limit order can be mispriced when time elapses as a result of new information entering the market.
These economic principles form the basis of numerous theoretical approaches in this area.
One of the first models in this field was Cohen, Maier, Schwartz, and Whitcomb (1981) who discussed the "gravitational pull" property of a limit order. This argument refers to the idea that after observing a limit order, a market participant has a higher incentive to post a market order than placing further limit orders in the immediate neighborhood of the existing offer which would induce the risk of non-execution.
This idea was refined and extended in several directions by Parlour (1998 ), Foucault (1999 , Griffiths, Smith, Turnbull, and White (2000) , or Handa, Schwartz, and Tiwari (2003) . Parlour (1998) proposes a dynamic equilibrium model in which traders with different valuations for an asset arrive randomly in the market. Then, the endogenous execution probability of a limit order depends both on the state of the book and how many market orders will arrive over the remainder of the day. She shows that both the past, through the state of the book, and the future, through the expected order flow, affect the placement strategy and cause systematic patterns in transaction and order data. The major underlying idea is the mechanism of "crowding out" of market sell (buy) orders after observing market buy (sell) orders. This is due to the effect that after a buy (sell) market order, a limit order at the ask (bid) has a higher execution probability. Therefore, since the payoff to limit orders increases with the probability of execution, a trader who wants to sell (buy) is more likely to submit a sell (buy) limit order instead of a sell (buy) market order. Because of this crowding out of market orders on the opposite side, buy (sell) market orders are less frequent after sell (buy) market orders than after buy (sell) market orders. This has been empirically confirmed by Biais, Hillion, and Spatt (1995) using data from the Paris Bourse. Similarly, Parlour's model predicts that the probability of observing a limit buy order after a limit buy order is smaller than the probability of observing a limit buy order after any other transaction. This is due to the fact that a lengthening of the queue at one level decreases the execution probability of further limit orders at the same level and thus makes them more unattractive.
These underlying principles determine the dependence of a trader's aggressiveness on the state of the limit order book. Order aggressiveness is typically measured by applying the classification scheme proposed by Biais, Hillion, and Spatt (1995) that classifies orders according to their position in the order book and their implied price impact. By setting the limit price, the limit volume and attributes associated with specific execution rules, traders implicitly determine the aggressiveness of their order, and thus influence the execution probability and the implied price impact. According to this classification scheme, the most aggressive order is a market order which is allowed to be matched with several price levels on the opposite side, i.e. an order which is allowed to "walk up" or "down" the book.
Accordingly, the least aggressive order is a cancellation, where a pending limit order is removed from the book.
Applying the theoretical underpinning outlined above, "gravitational pull" and "crowd-ing out" arguments imply testable relationships regarding changes of the order book volume and their impact on traders' incentive to post aggressive market orders, limit orders and cancellations. As a result, we can formulate the following testable propositions:
(i) An increase of the volume on the ask (bid) side -decreases the aggressiveness of market trading on the ask (bid) side and increases it on the bid (ask) side, -decreases the aggressiveness of limit order trading on the ask (bid) side, -decreases the probability of cancellations on the bid (ask) side.
Similar mechanisms apply to the influence of market depth on traders' order aggressiveness.
A higher depth on the ask (bid) side reduces the execution probability on the ask (bid) side and induces a crowding out towards the opposite market side. A related argument refers to the informational content of the open limit order book. In particular, a higher depth on the ask (bid) side reflects that a relative higher proportion of volume is to be sold (bought) at a comparably low (high) price. This induces a negative (positive) price signal which increases traders' preference to sell (buy). However, in the case a trader posts an aggressive limit order, he has to undercut/overbid the current price level in order to increase the execution probability. This reduces the order's possible price improvement and makes limit order trading more expensive. Hence, following the "gravitational pull" argument, it is more reasonable to directly post a market order on the opposite side instead of posting a further limit order and bearing the risk of non-execution. This is stated in hypothesis (ii):
(ii) An increase of the depth on the ask (bid) side -decreases the aggressiveness of market trading on the ask (bid) side and increases it on the bid (ask) side, -decreases the aggressiveness of limit order trading on the ask (bid) side, -increases the probability of cancellations on the ask (bid) side.
Furthermore, an important determinant of liquidity is the inside spread between the best ask and bid price. The bid-ask spread determines the costs of crossing the market and thus of market trading. The higher the bid-ask spread, the higher the costs of immediacy, and thus the higher traders' preference for limit order trading:
(iii) The higher the bid-ask spread, the lower the intensity of aggressive market trading.
In contrast, the higher the bid-ask spread, the higher the intensity of aggressive limit order trading.
Moreover, traders' order submission strategy should not only depend on the current state of the book but also on recent movements of the price. Positive price movements during the past trading minutes indicate that a substantial amount of the ask volume was cleared leading to a decline of the ask depth. Since potential buyers face a high price for immediacy, limit order trading on the bid side becomes more attractive. Moreover, when price processes tend to be mean-reverting, a price increase over a particular period should cause a rise of the sell pressure and an increase of the non-execution risk of limit ask orders implying a crowding out of limit ask orders towards limit bid orders. These implications are summarized in the following hypothesis:
(iv) A period of positive price movements leads to a higher (lower) intensity of aggressive market trading on the bid (ask) side. Furthermore, it increases (decreases) the intensity of aggressive limit trading on the bid (ask) side.
In Foucault (1999) , investors' valuations of shares differ. Thus, traders' order placement strategies depend on their valuations and the best offers in the book. In a dynamic equilibrium model, Foucault (1999) shows that the volatility of the asset is a main determinant of the mix between market and limit orders. Higher volatility increases the pick-off risk which increases the reservation prices of limit order traders, and thus the costs of market trading. Then, market trading is less intensive implying a decrease of limit order execution probabilities. This is summarized in proposition (v):
(v) A higher volatility decreases market order trading and increases limit order trading.
These formulated hypotheses underpin the rationale for the construction of appropriate explanatory variables in Section 5.
The Econometric Approach
The arrival of aggressive market orders, limit orders and cancellations is statistically described as a multivariate (financial) point process. The econometric literature concerned with the modelling of financial point processes was originated by the seminal paper by Engle and Russell (1998) who introduced the class of autoregressive conditional duration (ACD) models. While this model was successfully applied to univariate duration processes 7 , it is not easily extended to a multivariate framework. The reason is that in a multivariate context the particular processes occur asynchronously, which is difficult to address in a discrete time duration model.
The most natural way is to model multivariate point processes on the basis of a specification of the (multivariate) intensity function leading to a continuous-time framework. In this paper, we apply a six-dimensional version of the autoregressive conditional intensity (ACI) model proposed by Russell (1999) . Following the notation of Hall and Hautsch (2004) Define the multivariate intensity function as
where
denotes the (conditional) intensity function associated with the counting process N k (t)
given the information set F t . Hence, in this framework λ k (t; F t ) corresponds to the instantaneous arrival rate of an aggressive order or cancellation, and thus is a natural (continuous-time) measure for the degree of order aggressiveness at each instant. Russell (1999) proposed parameterizing λ k (t; F t ) in terms of a proportional intensity structure
where Ψ k i is a function capturing the dynamics of the k-type process, λ k 0 (t) denotes a k-type baseline intensity component that specifies the (deterministic) evolution of the intensity until the next event and s k (t) is a k-type seasonality component that may be specified using a spline function. The basic idea of the ACI model is to specify the dynamic component Ψ k i in terms of an autoregressive process. Assume that Ψ k i is specified in log-linear form, i.e.
where z i denotes the vector of explanatory variables capturing the state of the market at arrival time t i and γ k the corresponding parameter vector associated with process k. Then, the ACI(1,1) model is obtained by parameterizing the
terms of a VARMA type specification,
where A k = {α k j } denotes a (K × 1) innovation parameter vector and B = {β ij } is a (K × K) matrix of persistence parameters. Moreover, y k i defines an indicator variable that takes the value 1 if the i-th point of the pooled process is of type k.
The innovation term i is computed based on the integrated intensity function associated with the process observed most recently. Hence,
Under fairly weak assumptions, the integrated intensity function corresponds to an i. only as a deterministic function of time (according to λ k 0 (t) and s k (t)). The baseline intensity function λ k 0 (t) is specified in terms of the backward recurrence times
, k = 1, . . . , K, of all processes and may be specified using a Weibull-type parameterization depending on the parameters ω k and p k r ,
Then, by denoting W as the data matrix consisting of all points and explanatory variables, the log likelihood function of the multivariate ACI model is computed as
where n denotes the number of points of the pooled process. Under correct specification of the model, the resulting k-type ACI residualŝ Trading at ASX starts with a pre-opening period followed by an opening call auction.
Then, normal trading takes place continuously between 10:09 am and 16:00 pm. The market is closed with a further call auction and a late trading period. For more details regarding the daily market schedule of the ASX, see Hall and Hautsch (2004) .
During normal trading, orders can be entered as market orders which will execute immediately and limit orders which enter the queues. At the ASX, in general orders are not allowed to walk up (down) the book. Hence, a high quoted volume of a market order will be matched with the pending volume on the first level of the opposite queue. Trades will be generated and traded orders deleted until there is no more order volume that is equal to the posted price. The remaining part of the order will enter the queue as a corresponding limit order. When a market order is executed against several pending limit orders, a trade record for each market order -limit order pair is generated. Since such multiple trades are generated by a single market order, we aggregate them into a single trade record.
Limit orders are queued in the buy and sell queues according to a strict price-time priority order. During normal trading, pending limit orders can be modified or cancelled without restrictions. 9 All trades and orders are visible to the public. Orders with a total value exceeding $200,000 can be entered with a hidden volume. However, sufficient information is available to unambiguously reconstruct all transactions. Our resulting samples consist of data covering the normal trading period, where we remove data from the opening and closing call auctions as well as all market crossings and off market trades. Then, the resulting samples consist of 147, 552, 107, 595, 252, 009, 97, 804 , and 59, 519 observations for BHP, NAB, NCP, TLS and WOW, respectively. Table II shows descriptive statistics characterizing the order books of the five individual stocks during the sample period. We observe an average bid-ask spread ranging between 1.0 ticks for TLS and around 2.2 ticks for NAB. For all stocks, the average sell volume is slightly higher than the buy volume which is explained by a slightly down market during the analyzed period. However, comparing the average posted as well as cancelled ask and bid volume, there are no systematic differences. The variables d askp and d bidp measure the difference between the current posted price of a limit order and the current best ask and bid price, respectively. Thus, we observe that on average limit orders are placed within a distance of about 5 ticks to the current best ask and bid price. Again, smaller spreads are set for TLS (around 2 to 3 ticks), whereas NAB and NCP reveal relatively wide spreads of around 6 to 8 ticks. The variables adif f x and bdif f x represent the price difference between the mid-quote and the price associated with the x-th quantile of the standing ask and bid volume, respectively 10 . Therefore, they reflect the average piecewise steepness of the bid and ask reaction curves. It turns out that for most stocks, the average shape of both curves is relatively symmetric, but for WOW we observe a slightly higher average depth on the bid side. Finally, the variables adep x measure the market depth in terms of the ratio of the volume associated with the x-th quantile and the corresponding implied price impact. For instance, adep 5 = 45.662 for BHP means that up to the 5%-quantile we observe on average a standing ask volume of 45, 662 shares per tick. Again, we find relatively symmetric shapes of the individual bid and ask queues. Table I gives a classification of the order aggressiveness at the ASX. Market orders are generally not allowed to walk up or down the ask or bid queues, respectively, so at the ASX 10 For an exact definition of the variables, see Table II. the most aggressive order is an order which has a volume that exceeds the standing volume on the first level of the opposite queue, and thus results in an immediately executed market order for the matched volume and a limit order for the remaining volume. Accordingly, we define a "normal" market order as a buy or sell order whose volume can be fully matched with pending limit orders. Regarding limit orders, we apply the classification scheme proposed by Biais, Hillion, and Spatt (1995) and classify ask and bid limit orders according to the distance between the posted limit price and the current best bid and ask price. Thus, we distinguish between "most aggressive" limit orders whose price undercuts or overbids the current best ask or bid limit price, respectively. Correspondingly, "aggressive" limit orders are placed directly in the current first level of the ask or bid queue, whereas "normal" limit orders enter the higher levels of the order book. Finally, cancelled limit orders are regarded as the least aggressive orders. Table III shows the average numbers of the different order types as well as the average waiting times between the individual order arrivals. We observe that the proportions of the particular order types are not stable across stocks and show clear variations. For instance, the percentage of aggressive market orders varies between 2% and 7% corresponding to average waiting times between 2 and 8 minutes. Accordingly, the proportion of most aggressive limit order varies between 0.1% and 4% corresponding to average waiting times between 3 and 35 minutes. On average, we observe a higher proportion of the most aggressive ask limit orders than of the corresponding bid limit orders. Furthermore, it turns out that on average around 5% of all limit orders are cancelled. An exceptionally high proportion of cancellations of around 11% is observed for NCP.
Descriptive Statistics

Order Aggressiveness at the ASX
In our empirical analysis, we focus on the three most interesting groups of orders: aggressive buy and sell orders, most aggressive ask and bid limit orders as well as aggressive ask and bid cancellations. Moreover, we introduce a further criterion for order aggressiveness which goes beyond the scheme shown in Table I . In particular, we exclusively select only those orders which have a quoted volume which is equal or higher than the 75%-quantile. This additional selection is applied for two reasons: First, order aggressiveness is naturally linked to the size of the posted volume. For economic significance, it makes a huge difference whether a small or a high volume is quoted. For high volumes, the economic trade-off between the costs of immediacy and the pick-off risk is much more relevant than for small trades. Second, focussing exclusively on the big trades should reduce the noise in the data and should help to identify distinct patterns and relationships. This selection rule leads to a significant reduction of the sample size resulting in 9, 316, 10, 463, 9, 142, 3, 102 , and 3, 438 observations for BHP, NAB, NCP, TLS, and WOW respectively (see Table III ).
Empirical Results
Since the estimation of 6-dimensional ACI processes is a challenging task requiring the estimation of a large number of parameters, we estimate restricted ACI specifications. In order to reduce the number of parameters, we specify the backward recurrence functions in terms of a Weibull parameterization, where we do not allow for interdependencies between the individual functions, i.e. p k r = 1 ∀ k = r. Moreover, while the matrix of innovation parameters A is fully parameterized, we do not allow for spill-over effects in the persistence terms, i.e. the matrix B is specified as a diagonal matrix. In order to account for deterministic intra-day seasonality patterns, we specify three linear spline functions for the processes of aggressive market orders, limit orders, and cancellations based on one hour nodes 11 . For parameter identification, the spline function is normalized to one at the beginning of the trading day. To ease the numerical optimization of the log likelihood function, we standardize the time scale by the average duration of the pooled process. 12 In order to test the economic propositions formulated in Section 2, we define the following explanatory variables capturing the state of the order book:
• AV: Current logarithmic aggregated volume in the ask queue.
• BV: Current logarithmic aggregated volume in the bid queue.
• DAV: Changes of the logarithmic aggregated ask volume during the past 5 minutes.
• DBV: Changes of the logarithmic aggregated bid volume during the past 5 minutes.
• SD: Current bid-ask spread.
• MQ: Change of the mid-quote during the past 5 minutes.
• VL: Volatility, measured by the average squared mid-quote changes during the past 5 minutes.
In order to analyze the importance of order book dynamics and information provided by the open limit order book for the goodness-of-fit and the explanatory power of the model, we estimate three different specifications: Table IV reports the estimation results based on an ACI model including both dynamic variables as well as order book variables. Table   V is based on a specification which includes order book information, however, does not 11 We do not estimate separate seasonality functions for the different sides of the market. 12 This scaling does not change the order of the processes. account for any dynamics in the multivariate process. Hence, in this specification,Ψ i is set to zero. Finally, Table VI gives the results of a specification which accounts for dynamic structures but excludes any order book covariates.
Statistical Results
The processes are estimated by maximum likelihood using the MAXLIK-procedure of GAUSS. It should be stressed that despite of the high-dimensionality of the processes and the high number of parameters, the processes converged smoothly and without numerical difficulties.
The following statistical results can be summarized. First, for all processes, we find significantly declining backward recurrence functions as revealed by parameters p k k < 1. Thus, the event arrival rates decline with the length of the spell which is a well known result for financial duration data. However, as indicated by the residual diagnostics, not in all of the models is the specification of the backward recurrence function sufficient to completely capture the distributional properties of the processes. In particular, the specifications of Table IV and V reveal significant excess dispersion, which is not the case for the models reported in Table VI . Thus, the inclusion of order book variables seem to deteriorate the model's ability to capture the distributional properties of the data.
Second, we find evidence for positive autocorrelations in the individual processes as indicated by significantly positive estimates of α k k . Thus, the individual arrival rates are clustered. This is true for all individual processes including cancellations. Nearly all processes show quite high persistence, revealed by parameter estimates of β close to unity.
Moreover, we also observe significant spill-over effects between the individual processes.
The strongest interactions seem to exist between the individual sides of the market which is particularly true for market orders 13 , but also for limit orders. Weaker, however in most cases still significant, interdependencies are also found between the arrival rates of aggressive market orders and aggressive limit orders. Interestingly, these spill-overs are primarily positive, so we do not find evidence for the fact that a high aggressiveness on one side of the market negatively influences the aggressiveness on the opposite side. These results suggest that interdependencies between the individual order arrival processes are obviously not driven by an individual trading behavior as predicted by the economic underpinnings outlined in Section 2. Rather, such effects seem to be driven by an underlying process of general market activity which simultaneously affects all individual processes. Similar results are also found for the ask and bid cancellation intensity. In most cases, the parameters α 5 i and α 6 i are significantly positive, indicating that a higher market activity also increases the intensity of order cancellations. This is particularly true for the impact of aggressive market trading on the cancellation intensity. However, in the opposite direction, it turns out that the market and limit order processes do not seem to be affected by the arrival rate of order cancellations since the parameters α i 5 and α i 6 are insignificant in most cases.
Third, the estimates of the seasonality functions support the evidence for distinct deterministic intra-day patterns of the intensities of aggressive market trading, limit order trading and cancellations. The estimated individual intra-day seasonality functions reported in Figure 1 , reveal similar patterns in the form of the well known U-shape. Hence, intra-day seasonalities seem to be induced by a general level of trading activity implying relatively high intensities after the opening, a significant decline around noon and a distinct increase before the closure of the market. Fourth, as indicated by the Ljung-Box statistics based on the ACI residuals, the dynamic specifications (Table IV and VI) seem to appropriately capture the dynamical properties of the data. Moreover, for four out of five stocks, the inclusion of dynamics is absolutely essential in order to capture the serial dependence in the data. This is illustrated by the diagnostics for the non-dynamic specification (Table V) . Here, the Ljung-Box statistics reveal a significant dynamic misspecification.
Fifth, by comparing the BIC values of the three different specifications shown in Tables IV through VI, we can conclude that the inclusion of both dynamic variables as well as limit order book variables clearly improves the goodness-of-fit of the model. However, for all stocks, the specifications where order book variables are omitted (Table V) outperform the non-dynamic models shown in Table VI in terms of explanatory power. Therefore, this finding suggests that a specification which includes order book information has a significantly higher explanatory power than a pure dynamic model without covariates. Table IV , in four of five cases, the inclusion of dynamics on top of order book variables leads to a further increase of the BIC.
Nevertheless, as indicated by the BIC values in
Summarizing these findings, we can conclude that the state of the order book plays a particularly important role in explaining the degree of order aggressiveness in the individual processes. Nonetheless, in addition order book dynamics are required in order to obtain a well-specified model.
Economic Results
A particular important finding is that for most of our order book covariates, we find a remarkable robustness over the cross-section of stocks. Actually, we find no systematic differences between the individual stocks. Regarding our economic hypotheses, we can summarize the following findings.
The impact of the queued volume
Regarding the influence of the queued volume, we only find a partial confirmation of hypothesis (i). In particular, a higher level of the cumulated ask volume increases the intensity of aggressive buy market orders and decreases the intensity of aggressive buy limit orders. In contrast on the sell side, we observe no significant effects on the sell aggressiveness, however a significantly positive impact on the ask intensity. Converse effects are found regarding the queued volume on the bid side. Here, a higher pending volume negatively affects the aggressiveness of buy market orders and ask limit orders, whereas it positively affects market trading on the sell side and limit order trading on the bid side.
Hence a high standing volume on one market side increases traders' preference for market orders on the particular side and reduces it on the opposite side which does not confirm hypothesis (i). However, concerning the limit order trading we find evidence for crowding out effects which are in line with hypothesis (i). In fact, a high standing volume reduces traders' preference to post aggressive limit orders on the same side and increases it on the opposite side. Furthermore, it is shown that a high queued ask (bid) volume significantly decreases the cancellation intensity of big bid (ask) orders which also confirms hypothesis (i).
Concerning the influence of the cumulated volume during the past minutes we do not find a confirmation of hypothesis (i). In fact, an increase in the cumulated volume on one market side during the past five minutes decreases the intensity of market orders as well as of limit orders on both sides of the market, and simultaneously increases the overall cancellation intensity. Hence, we observe a type of mean reversion effect causing a reduction of the overall order flow and an increase in the tendency to remove orders after periods in which much (one-sided) volume has been accumulated in the queues.
The impact of market depth
Our results show a clear confirmation of hypothesis (ii). Hence, a high depth on the ask side decreases the intensity for aggressive buys and increases it for aggressive sells. The converse is true for a high depth on the bid side. In particular, a higher depth on the ask (bid) side reflects that a relative higher proportion of volume is to be sold (bought) at a comparatively low (high) price. This negative (positive) price signal increases market participants' preference to aggressively sell (buy) their positions immediately by posting corresponding market orders.
Furthermore, we observe that a high depth on one particular side of the market also leads to a reduction of aggressive limit order trading on that side of the market. Thus, trader's incentive to undercut (overbid) the current best ask (bid) price level decreases when there is already a high volume standing in the lowest levels of the queue. Interestingly, it turns out that the crowding out of limit orders even leads to a higher intensity of aggressive limit orders on the opposite side of the market. Moreover, as stated in proposition (ii), it is shown that a high ask (bid) depth increases the probability of cancellations on the same side of the market.
The impact of the bid-ask spread
Regarding the bid-ask spread, we find a clear confirmation of proposition (iii). Therefore, traders' preference for aggressive market trading significantly decreases when the bid-ask spread rises. Conversely, the aggressiveness of limit order trading increases. Hence, the higher the bid-ask spread, the lower traders' incentive to cross the market and to post a market order on the opposite side. In this case, market agents are willing to bear higher risk by posting limit orders. Furthermore, we find weak evidence for the fact that the bid-ask spread has a negative impact on the cancellation intensity on both sides of the market.
The impact of past price movements
Price movements during the past five minutes have a significant impact on traders' preference to post aggressive market and limit orders. It turns out that positive price movements decrease (increase) traders' aggressiveness in market trading on the buy (sell) side. In contrast, trader's incentive to post aggressive limit trades on the ask side increases, whereas for bid limit orders as well as order cancellations no clear-cut results are found. Nevertheless, overall our results confirm hypothesis (iv). Thus, positive (negative) price movements over a longer period generate an increasing sell (buy) pressure and an increasing tendency to post limit orders on the opposite side of the market.
The impact of past volatility
Regarding proposition (v), we do not find a clear-cut confirmation. Actually, we observe an increase of both market trading and limit order trading after periods of higher mid-quote volatility. These results are highly significant and consistent over all stocks. However, this result stands in contrast to the implications of Foucault (1999). Hence, we reject the notion of a crowding out of market trading towards limit order trading. In fact, we find evidence for the effect that higher volatility increases both market order trading as well as limit order trading.
Summarizing the Results
Overall, we find clear evidence that the arrival rate of aggressive market orders, limit orders, and cancellations is affected by the state of the order book and that the inclusion of order book variables significantly increases the goodness-of-fit of the model. The most important finding is that economic theory is broadly confirmed. Particularly regarding the influence of the standing volume, the market depth, the bid-ask spread and past price movements, we find a clear confirmation of "crowding-out" effects as discussed in Parlour (1998) Ranaldo (2004) . Nevertheless, our findings suggest that a separate modelling of the single processes in a multivariate setting is a valuable strategy providing a clear-cut picture of how the particular processes are individually affected by the state of the order book. In particular, limit orders cannot necessarily be treated as less aggressive versions of market orders since they behave in a different way depending on certain order book variables. This is particularly apparent for the impact of the aggregated queued volume and the impact of past volatility, for which we find conflictive reactions of the aggressiveness in market trading and limit order trading which are not supported by
theory. Similar results have been also found by Coppejans and Domowitz (2002).
Moreover, it is shown that the order book effects remain remarkably stable irrespective whether order book dynamics are taken into account or not. While this finding illustrates the robustness of the results, it also implies that the economic relations hold conditionally on the history of the individual processes as well as unconditionally.
Conclusions
We analyze the impact of order book information of traders' order aggressiveness in the electronic trading on the Australian Stock Exchange. The novel feature of the paper is to analyze this issue using a multivariate dynamic intensity framework. Therefore, order aggressiveness in market trading, limit order trading as well as in order cancellations on both sides of the market is modelled on the basis of a six-dimensional version of the autoregressive conditional intensity (ACI) model proposed by Russell (1999) . The multivariate intensity function gives the instantaneous order arrival probability in each instant and for each order process. Therefore, it is nicely interpreted as a natural (continuous-time) measure for traders' degree of aggressiveness in the individual dimensions. In this sense, our setting merges on the one hand approaches, where order aggressiveness is modelled in terms of a categorized variable on the basis of the order classification scheme proposed by Biais, Hillion, and Spatt (1995) (see, for instance, Griffiths, Smith, Turnbull, and White, 2000, or Ranaldo, 2004) , and, on the other hand, studies which model the intensity of aggressiveness using univariate (ACD-type) dynamic duration models (see e.g. Coppejans and Domowitz, 2000 or Pascual and Veredas, 2004) .
The usefulness of the individual modelling of the single order processes in a multivariate setting is illustrated by the finding that the intensity of market trading, limit order trading, and cancellations do not necessarily behave similarly in their dependence on certain order book variables. This result makes the application of (too simplified) order classification schemes questionable and supports the notion of using sequential classifications by distinctly distinguishing between market orders, limit orders and cancellations as implemented by Pascual and Veredas (2004) .
Our results show that order book information has significant explanatory power in explaining traders' degree of aggressiveness. In particular we find that the inclusion of variables capturing the current state of the order book as well as recent changes in the book improves the model's goodness-of-fit considerably. Analyzing the influence of fundamental market characteristics such as the queued volume, the depth, the inside spread, recent movements in the order flow and in the price as well as the recent price volatility during the last trading minutes, we widely confirm economic theory. Particularly regarding market depth, clear evidence for "crowding out effects" (cf. Parlour, 1998 ) is shown. Therefore, a high depth on one particular side induces a crowding out of aggressive market and limit order trading on that side towards the other side of the market.
Our results provide clear evidence that the timing of aggressive market orders, limit orders as well as cancellations is influenced by the state of the order book which is in line with the findings of Coppejans and Domowitz (2002) , but in contrast to those of Pascual and Veredas (2004) . A possible explanation for these conflicting results is that Pascual and Veredas (2004) apply a discrete-time duration model which does not allow for time-varying covariates. However, particularly for the processes of highly aggressive orders which arrive quite infrequently, it seems to be essential to account for changes of the order book during a spell 14 .
Clear evidence for the existence of multivariate dynamic structures in the order arrival processes is found. We observe significant spill-over effects between between the both sides of the market and -in a weaker form -between market trading and limit order trading.
The fact that these interdependencies are primarily (significantly) positive provides hints that order book dynamics are driven by general market activity which simultaneously influences all individual processes rather than by economic "crowding out" arguments which would imply negative spill-over effects. These findings support the notion that the arrival rates of aggressive orders are basically driven by two pieces of information:
(i) the state of the market as revealed by the open limit order book and which directs traders' order submission strategy, and (ii) general market activity which simultaneously influences the individual arrival rates 15 . However, our findings show that order book information plays the dominant role in explaining order aggressiveness. In particular, we observe that in terms of its explanatory power, a model which excludes all dynamics but includes order book covariates significantly outperforms a completely dynamic model that does not account for the state of the market. Nevertheless, the dynamic variables are absolutely necessary in order to obtain a well-specified model. 
Appendix
A Tables   Table I  Classification Table IV Fully specified ACI models Maximum likelihood estimates of six-dimensional ACI(1,1) models for intensity processes of (1) aggressive buy orders, (2) aggressive sell orders, (3) aggressive ask limit orders, (4) aggressive bid limit orders, (5) aggressive cancellations of ask orders, (6) aggressive cancellations of bid orders. Backward recurrence functions are specified in terms of individual univariate Weibull parameterizations. The persistence vectors A k are fully parameterized, whereas B is parameterized as diagonal matrix. Three spline functions are specified for market orders (s Maximum likelihood estimates of six-dimensional ACI(1,1) models without dynamics for intensity processes of (1) aggressive buy orders, (2) aggressive sell orders, (3) aggressive ask limit orders, (4) aggressive bid limit orders, (5) aggressive cancellations of ask orders, (6) aggressive cancellations of bid orders. Backward recurrence functions are specified in terms of individual univariate Weibull parameterizations. The autoregressive matrices A k and B are set to zero. The spline functions are specified for market orders (s 
Table VI ACI models without covariates
Maximum likelihood estimates of six-dimensional ACI(1,1) models for intensity processes of (1) aggressive buy orders, (2) aggressive sell orders, (3) aggressive ask limit orders, (4) aggressive bid limit orders, (5) aggressive cancellations of ask orders, (6) aggressive cancellations of bid orders. Backward recurrence functions are specified in terms of individual univariate Weibull parameterizations. The persistence vectors A k are fully parameterized, whereas B is parameterized as diagonal matrix. Three spline functions are specified for market orders (s Table 4 .
